In mobile networks, one of the hard tasks is to determine the best partitioning in the Location Area problem, but it is also an important strategy to try to reduce all the involved management costs. In this paper we present a new approach to solve the location management problem based on the Location Area partitioning, as a cost optimization problem. We use a Differential Evolution based algorithm to find the best configuration to the Location Areas in a mobile network. We try to find the best values for the Differential Evolution parameters as well as define the scheme that enables us to obtain better results, when compared to classical strategies and to other authors' results. To obtain the best solution we develop four distinct experiments, each one applied to one Differential Evolution parameter. This is a new approach to this problem that has given us good results.
received signal becomes deteriorated, so this process becomes even more important for the current and future generations of mobile networks.
Location management involves two elementary operations: location update and location inquiry (or terminal paging). The location update corresponds to the notification of current location, performed by mobile terminals when they change their location in the network. The location inquiry is the operation of determining the location of the mobile terminal, which is executed by the network when it tries to direct an incoming call to the user.
Location management strategies may be divided into two main categories: static and dynamic schemes. The static schemes consider the same behaviour of the network for all users, while the dynamic schemes consider different network topologies for different users based on the individual user's call and mobility patterns. Unlike dynamic schemes that are more complex, static schemes are more common in the actual mobile networks, because they require less computational effort. A survey of different dynamic techniques based on users' behaviour such as timer-based, distance-based, movement-based (among others) may be seen in [2] . As static techniques, the most common ones are always-update, neverupdate, and location area schemes [2] , among others.
Always-update and never-update are the two simple location management strategies. In the always-update strategy, each mobile terminal performs a location update every time it enters on a new cell, but no search operation would be required for incoming calls, because it is considered that all cells have different location areas. For the never-update strategy no location update is performed but, when there is an incoming call, a search operation is executed with the objective of finding the corresponding user; because all cells are considered as belonging to the same location area. Normally these two strategies correspond to the extremes of location management strategies and for that, most of existing network systems use a combination of them. One of the most common location management strategies in the existing systems is the Location Area scheme that is presented with more detail in the next section.
There exist several authors working with the location area scheme and applying computationally efficient algorithms like genetic algorithms [3 -5] , simulated annealing [5, 6] , taboo search [5] and clustering techniques [7] (among others).
In this paper, a Differential Evolution based algorithm is used to find the best configuration for the location area scheme in a mobile network. Therefore, we present a new approach to this problem. Section II provides an overview of the location area problem and the involved costs. In section III, the Differential Evolution based algorithm is described, as well as its parameters and different possible schemes. In section IV, the experimental results of the four specific experiments are presented and an analysis over the obtained results is done with the intent of defining the best Differential Evolution parameters configuration. Finally, section V includes conclusions and future work.
II. LOCATION AREA PROBLEM
In cellular network systems it is very important to keep track of the location of the users, even when they move around without making or receiving calls, so as to consequently, be able to route calls to the users regardless of their location.
Location Areas (LA) scheme corresponds to an important strategy of location management, that is used with the objective of reducing signalling traffic caused by paging messages and location updates in cellular network systems.
In the LA scheme, the network is partitioned into groups of cells and each group corresponds to a region, or more precisely to a LA, as we can see in Fig. 1 , where we have a network with four LAs and each with four cells. In this scheme, when a mobile terminal moves to a new LA, its location is updated, which means a location update is performed. When the user receives an incoming call, the network must page all the cells of the new LA of the user, looking for its mobile terminal.
Fig. 1. Network Partitioning into Location Areas
The LA problem can be defined as the problem of finding an optimal configuration of location areas, minimizing the location management cost. The location management cost normally is divided in two main parts: location update cost and location paging cost [3, 4] .
A. Location Update Cost
The location update (LU) cost corresponds to the cost involved with the location updates performed by mobile terminals in the network, when they change their location to another LA. Because of that, the number of location updates is normally caused by the user movements in the network. This means that, when we calculate the update cost for a certain LA, we must consider the entire network and look for the flow of users.
If we consider the network of Fig. 2a , it is possible to see the total number of users who enter in the white LA. To calculate the location update cost for that LA, we must sum up those numbers of users that enter (from another LA) on each  cell of the LA and the calculus is:   469  58  63  84  73  42  41  108 = 
B. Location Paging Cost
The location paging (P) cost is caused by the network when it tries to locate a user's mobile terminal, during the location inquiry, and normally the number of paging transactions is directly related to the number of incoming calls. The task of calculating the paging cost is simpler, because we only need to count the number of incoming calls in the selected LA and then multiply the value by the number of cells in the respective LA. Considering the incoming calls to the white LA shown in Fig. 2b , the calculus of paging cost is:
( ) (2)
C. Total Cost
The location management cost involves other parameters and components, but those are considered to be equal for all strategies [4] . Therefore, these other parameters do not influence the comparison of different strategies, and we will not consider them for the total cost. In conclusion, the combination of location update cost and location paging cost is sufficient to compare different strategy results.
The formula to calculate the total cost of location management [8] is:
The total cost of location updates is given by NLU, the total cost of paging transactions is given by NP, and finally β is a ratio constant used in a location update relatively to a paging transaction in the network. The cost of each location update is considered to be much higher than the cost of each paging transaction, due to the complex process that must be executed for each location update performed, and also because most of the time a mobile user moves without making any call [4] . Due to all of that, the cost of a location update is normally considered to be 10 times greater than the cost of paging, that is, β =10 [3] .
For the white LA referred earlier, and presented in Fig. 2a and 2b, the total cost by (3) would be:
To calculate the total cost of the network with the configuration defined, which means with four LAs, would be 
III. DIFFERENTIAL EVOLUTION ALGORITHM
The Differential Evolution (DE) is a population-based algorithm, created by Ken Price and Rainer Storn [9] , whose main objective is functions optimization. It is one strategy based on evolutionary algorithms with some specific characteristics.
The DE algorithm's main strategy is to generate new individuals by calculating vector differences between other randomly-selected individuals of the population. This algorithm uses four important parameters: population size, mutation, crossover and selection operators; there are different variants.
A. Initial Population
Like other Evolutionary Algorithms, DE works with a population of NI individuals (candidate solutions) and this number never changes during the optimization process. Normally the initial population is randomly generated and the population will be improved by the algorithm iteratively, through the mutation, crossover and selection operators (in [10] is possible to see more details about the DE flowchart).
B. Mutation Operator
The mutant operator F is a scaling factor that controls the amplitude of the differential variation of those random individuals used in the calculi.
With this operator DE generates a mutant individual (I i, g+1 ), by adding a weighted difference of two population individuals, to a third individual using the equation (5):
The value of F must be greater than zero and will control the magnitude of the differential variation of (X 2, g -X 3, g ). The individuals X 1 , X 2 and X 3 are randomly selected and different among them. The g means the actual generation and g+1 means the next generation. DE uses a weighted difference between individuals to perturb the population in each generation, instead of randomly define the quantity of perturbations in the generation of a new individual as the most of other Evolutionary Algorithms do.
C. Crossover Operator
Crossover operator Cr is a value between zero and one, which is used to increase the diversity of mutant individuals. This constant represents the probability of trial individual inherits parameter values from the mutant individual.
Mutant individual and target individual are subjected to crossover to generate the trial individual (T i, g+1 ), as displayed in the following equation (6):
where j= 1, 2, … G. G corresponds to the number of genes of an individual and rn corresponds to the random value generated.
D. Selection Operator
Selection has the purpose of comparing the trial individual (offspring) produced by the crossover operator with the target individual (parent) and it determines the one that will be part of next generation. If a trial individual has a smaller cost function value it is copied to the next generation, otherwise it is the target individual that passes to the next generation, as it is possible to see in equation (7):
E. DE Schemes
Price and Storn [9] have suggested 10 different schemes (those are presented in Table I ) for DE. These schemes are classified based on notation DE/x/y/z, where x specifies the vector to be mutated, y corresponds to the number of difference vectors used in mutation of x (normally 1 or 2) and z represents the crossover scheme. The vector x may be chosen randomly ('rand') or as the best of current population ('best'), and z may be binomial ('bin') or exponential ('exp') depending of the type of crossover used. 
IV. EXPERIMENTAL RESULTS
In this section, we detail the source and preparation of the test networks, subsequently we explain the most relevant decisions and choices made in our algorithm implementation, then we expose our different experiments and finally we present our results.
A. Test Networks Generation
There are several studies about other approaches for the LA problem, but unfortunately, most of them do not present the network data used for their implementation. In order to compare results we will use the same test networks of Taheri and Zomaya in [4, 6] . Each of these networks has a set of data for each cell, as presented in Table  2 for the 5x5 network from [6] . The first column represents the cell identification, the second is the number of total updates that each cell may have, the third one means the number of calls received in each cell and the fourth corresponds to the number of updates to be considered by each cell whose neighbours change their LAs to the same one. In this work we use four distinct networks with respective sizes of 5x5 (see Table II ), 5x7 (see Table III ), 7x7 (see Table  IV ) and 7x9 (see Table V ) cells from [4, 6] , with the objective of test the performance of DE approach applied to networks with distinct sizes. 
B. Parameters Definition
The DE algorithm starts with the definition of an initial population of candidate solutions (individuals). Each individual represents a possible configuration of the network and is composed of N genes, where the N corresponds to the number of cells in the network. Each gene of the individual represents the number of the LA where the cell belongs to.
To define the initial population we assumed, as in other works [4] , that there are only two LAs, and one of them is set to each cell with a probability of 50%. After that we have adjusted the parameters value to the ones indicated to each experiment. 
C. Algorithm Implementation
After the initial population is defined, the algorithm proceeds to manipulate the population until a termination condition is reached.
Below we present the outline of the implemented algorithm, with the scheme DE/best/1/exp. In our implementation we will use the ten DE schemes and observe how each of them influence the possibility of obtain the better results, after being defined the best value to each DE parameter. The DE/best/1/exp uses the best individual at the moment, and an exponential crossover:
1. Initialize the population 2. Validate the initial population 3. Evaluate the initial population 4. While termination condition is not satisfied, create next population where each individual (candidate solution) is generated according to: a) Randomly select 2 distinct individuals xr1 and xr2 from the population, but different from xbest b) Generate a trial individual based on the formula: xtrial = xbest + F(xr1 -xr2) c) Use the probability Cr to define the amount of genes changed in trial individual d) Validate the trial individual e) Evaluate the trial individual Here the terminal condition will be the number of generations defined by the value 1000, because running the algorithm for unlimited number of generations is not a good choice for DE.
D. Individuals Validation
When an individual is generated we must consider that an invalid configuration network may be created. This is because with the application of the algorithm it is possible that we have scattered LAs. This means that we may have cells attributed to the same LA in distinct places of the network, as shown in Fig. 3 , but in reality that is not possible and we must correct or discard the individual. To solve this problem we created a method to split these scattered LAs into small ones. Then we applied another method to merge LAs, with the purpose of not having only one cell belonging to a LA, when all their neighbour cells belong to different LAs. Finally, after this, we must renumber the LAs because during all the process some LA numbers may have been deleted.
This process must be repeated for all the individuals that are generated, to assure that the final solution will be a valid one.
E. Fitness Function
In our approach the fitness function corresponds to the calculus of the total cost of location management, which is defined according to the equation (3) presented in section 2.3. This means that for each individual generated (composed of a number of LAs), we will calculate its fitness value, which corresponds to the sum of the total cost of each of those LAs.
F. Simulation Results and Analysis
In order to compare results, the values of always-update and never-update strategies were calculated for all the four test networks.
Then, with the objective of study in more detail the best configuration of DE, we have executed four distinct experiments. For each experiment, and for every combination of parameters, 30 independent runs have been performed in order to assure its statistical relevance. Due to the complexity of the problem, but with the objective of taking the best conclusions, we chose networks from small to medium size to validate our approach.
Like other authors, as Taheri and Zomaya [4, 6] , in this study, four distinct test networks are used to ensure the reliability of results. The fact that the results are similar to those test networks (existing networks of different sizes) ensures that the best configuration of parameters can be generalized to any network.
F.1 Experiment 1 -Defining the best NI
The first experiment has the intent of defining the best NI value (which means, define the best population size). So, for that we have fixed the values of F to 0.5, Cr to 0.1, DE strategy as DE/rand/1/bin and the number of generations to 1000, from earlier experiments that we have executed [11, 12] . Then we have initialized the size of NI with 10 and changing it up to 100 with the values 25, 50 and 75.
After this we observed that until now the average of fitness values always presents a positive evolution, so because of that we decided to proceed increasing NI. Considering the results obtained to the best and average fitness values and observing the evolution tendency we have seen that the best value to NI is 250 (as it is possible to see in Table VI ) because, although the values between 275 and 400 have been experimented, their results were worse and the evolution of the average fitness became negative.
In order to allow a quick analysis over the best results it was used, in the tables of results, the red colour to mark the best fitness values, one yellow mark to the best average fitness values and one blue mark for the minimum standard deviation values.
With this experiment we have concluded that after a NI value bigger than 250 the positive evolution of the results stop or decrease, in such a way that there are not clearly improvements. We also have to consider that growing the NI value has a direct implication in the increase of execution time.
Due to all of this, we have chosen NI=250, to pass to the second experiment, as an equilibrium point for obtaining good results in small times of execution.
F.2 Experiment 2 -Defining the best Cr
The second experiment has the objective of electing the Cr value that obtains the best results for all, or for the majority, of the test networks.
To proceed with this experiment we initialized and fixed the values of NI to 250 (obtained from experiment 1), F to 0.5, DE scheme as DE/rand/1/bin and the number of generations to 1000 (as defined in the experiment 1). With these fixed parameters, the experiment was executed initially with Cr equal to 0.1 and follow changing it to the values 0.25, 0.50, 0.75 and 0.9. After obtaining all the results, we could observe that, in the most of the cases, they became worse with the increase of the CR value. Until this moment it was possible to say that the best value was Cr=0.1, but to take more complete conclusions we decided to experiment lower values from 0.01 to 0.09. Finally, looking to all the results (see Table VII ), it is possible to conclude that really Cr=0.1 is the best and more stable value to obtain better results.
F.3 Experiment 3 -Defining the best F
In the third experiment we pretend to define the best value of F, that allows us to obtain the best fitness values in the majority of the test networks or, if it is possible, to all the test networks. So, in order to execute this experiment we fixed the value of NI to 250 (from experiment 1), Cr to 0.1 (from experiment 2), DE scheme as DE/rand/1/bin and 1000 generations as stop criterion (as defined in the two earlier experiments). The value of F was initialized to a probability of 0.1, and then the algorithm was also evaluated with the values of 0.25, 0.50, 0.75 and 0.9.
Observing the results obtained with this experiment, that are presented in Table VIII , it is possible to verify that, principally, the F values of 0.5 and 0.9 permit obtain better results. But F=0.5 was the elected one because it is the one that performs better when considering also the fitness average evolution.
F.4 Experiment 4 -Defining the best DE scheme
After the three earlier experiments we have obtained and fixed the best values for the DE parameters as NI=250, Cr=0.1 and F=0.5. So in this last one we try to define what is the most appropriate scheme, that is, the DE scheme that permits to obtain the best results. For that, and again for each test network, the algorithm has been executed applying all the ten DE schemes.
Once obtained all the results, we could conclude that the scheme DE/rand/1/bin is the one that performs better (see Table IX ), and that permits to obtain the best fitness value in three of the four test networks.
Finishing these four experiments we had defined the best DE configuration, applied to the Location Areas problem, setting the parameters as NI=250, Cr=0.1, F=0.5 and DE scheme as DE/rand/1/bin. Now, if we compare our results with the classical strategies always-update and never-update we may say that, for all the used test networks, our approach always obtains better solutions (lower fitness values) as it is possible to see in Fig.  4 .
Comparing with studies of other authors, as Taheri and Zomaya [4, 6, 13] , that use respectively genetic algorithms, simulated annealing and hopfield neural network approaches, our results are very similar and in some cases even better.
For example, for the 5x5 network, our best fitness solution corresponds to a cost of 26990 and their best result is between 25000 and 30000. Using the 5x7 network, our best fitness solution represents a cost of 40205 and their results are between 40000 and 45000. In the 7x7 network our lower cost is 63307 and their best value is between 60000 and 65000. Finally, for the 7x9 network the best fitness value obtained by our approach is 92900 and their best solution is between 90000 and 95000.
All of these costs were calculated with the network partitioning defined by the DE algorithm and represented in With respect to the ideal number of location areas, we observed that, for the 5x5 network, all the best solutions correspond to a network partitioning in 3 Location Areas (see Fig. 5a ). When we refer to the 5x7 network, the best solution corresponds to a partitioning in 4 distinct LAs (see Fig. 5b ).
Moving to the 7x7 network, the ideal partitioning is represented in 5 LAs (see Fig. 5c ). For the bigger network, the 7x9, the best configuration corresponds to a partitioning in 8 LAs (see Fig. 5d ).
Relatively to the shape of the LAs, the most of them do not have a circular shape, as in the actual GSM systems. Their forms are diverse but principally of triangular or rectangular shape.
F.6 The importance of the number of generations
The DE algorithm is a population-based algorithm that improves its results generation by generation. Considering this, we may say that obtaining the best results depends on the number of generations defined as stop criterion. In this work, we always have used 1000 generations, because increasing it corresponds to increase the execution time. However, there are several works [4, 14] that present the results obtained with an "infinite" or very high number of iterations (generations). With the objective of compare our results with those ones, we decided to execute our approach for all the four tests networks using 5000 generations as stop criterion.
In Table X is shown the evolution of results (best fitness value/lower cost for each test network) over the algorithm execution during the 5000 generations. It is possible to conclude that having more generations, permits to obtain better results. [14] , where "infinite" or very high number of iterations is used. We can observe that DE (with only 5000 iterations) always performs better than GA (Genetic Algorithm). If we compare with HNN (Hopfield Neural Network), SA (Simulated Annealing) or with the GA-HNNx (different combinations of Genetic Algorithm and Hopfield Neural Network, see [14] ), in the most of the cases the results are similar or even better. Considering these results we may say that if our algorithm runs using endless generations, it would probably overcome the remaining results obtained by the other methods.
V. CONCLUSIONS AND FUTURE WORK
This paper presents a new approach based on DE algorithm with the objective of finding the best configuration for the LAs in a mobile network. It also intends to understand the influence of DE parameters and schemes. One of the principal characteristics of using DE algorithm is the fact that we always obtain (until the optimal solution is found) an equal or better individual in each generation.
We have shown that our approach improves the results obtained with other classical location management strategies as always-update and never-update.
When our implementation results are compared with the ones of other authors, it is possible to conclude that they are considered interesting because they are equal or better, when applied to the same test networks. We have studied in detail the best configuration of DE, and the best parameters, after a big number of experiments with four distinct networks, are NI of 250, Cr of 0.1, F of 0.5 and DE/rand/1/bin as the best scheme. It is also possible to conclude that in general the binomial schemes perform better than the exponential ones. Each execution with the 5x5 test network took about 15 seconds, with the 5x7 test network took about 25 seconds and with the 7x7 and 7x9 test networks took 35 and 40 seconds respectively. Considering the execution time for each test network, we may say that it is proportional to the network size, but also that those times are low and good to be used in industry. In total, to perform all the experiments (more than 5000 independent runs), for this paper, around 90 hours were needed.
As future work we have the intention of test our approach working with bigger test networks seeing if it works well or if the performance decreases.
We have also planned to use real data (like SUMATRA [15]) as input for generating the test networks and then to apply our approach.
The application of other evolutionary strategies to the LA problem and the comparison of their results with the ones accomplished by the DE algorithm are also a matter of future work.
Finally, the formulation of the LA problem as a multiobjective optimization problem will be investigated as well.
